The action of a pneumatic muscle actuator (PMA) is very similar to that of animal skeletal muscle. It also has other advantages such as high power/weight ratio, high power/volume ratio, low price, little maintenance needed, great compliance and inherent safety. Therefore, it can be suitably applied to rehabilitation engineering for persons with neuromuscular or musculoskeletal pathologies affecting extremity functions. However, excellent control performance can hardly be achieved by classical control methods because gas compression and non-linear elasticity of bladder containers cause parameter variations. An adaptive self-organising fuzzy sliding mode control (ASOFSMC) is developed in this study to improve end-effector tracking performance. The use of a fuzzy sliding surface can reduce the number of fuzzy rules required. A self-organising learning mechanism is employed to modify online fuzzy rules. An adaptive law is adopted to adjust scaling factors. Finally, Lyapunov theorem is employed to prove the stability of the ASOFSMC. Experimental results show that this control strategy can achieve excellent tracking performance.
Introduction
Rehabilitation devices provide joint loading to help patients recover extremity functions in cases of traumatic brain injury, amputation, bone injury or spinal cord injury caused by traffic accident or cerebral apoplexy that affects extremity activity. Physical therapy for achieving functional rehabilitation is normally provided by medical therapists on a person-to-person basis, but automatic equipment has been applied in physical therapy programmes. Rehabilitation robots are usually driven by electric motors, which are typically rigid in nature. Hence actuators may cause discomfort or even pain when interfacing with humans. Ideally, rehabilitation robots should provide high levels of safety and flexibility for humans. Pneumatic muscle actuator (PMA) has the potential to contribute to more comfortable devices when interfacing with human limb segments.
The action of a PMA is very similar to that of animal skeletal muscle. A PMA comprises a cylindrical-flexible rubber or plastic tube fitted inside a braided plastic sheath with helical winding. When the rubber bladder expands due to increase pressure, the diameter of the combined sheath and bladder assembly changes easily in the radial direction while the muscle shortens in the axial direction. Thus force exerted on the environment occurs in the axial direction.
A rehabilitation robot should be light, and actuators have to be flexible and possess high power/weight and power/volume ratios. To achieve this, it is necessary to develop a PMA as soft as human muscle. The main advantages of a PMA include its high power/weight ratio (Caldwell and Goodwin, 1995) , power/volume ratio (Chou and Hannaford, 1994) , low price, little maintenance required and great compliance. In addition, it is clean, flexible, safe and well suited for rough environments. These merits make PMAs extremely useful in a variety of rehabilitation engineering applications for persons with neuromuscular or musculoskeletal pathologies affecting extremity functions.
However, the rubber tube and plastic sheath are always in contact with each other, and the shape of the pneumatic muscle keeps changing. Hence it is difficult for PMAs to achieve excellent control performance because they are highly non-linear and timevarying. Therefore, many control studies have been made to improve its control performance. Noritsugu and Tanaka (1997) developed four modes of linear motion with impedance control to monitor the force during movement, and used an adaptive identification method to estimate the system model. In Lilly's study (2003) , an adaptive tracking technique is applied to PMAs arranged in bicep and tricep configurations, with simulated adaptive tracking results that are superior to those of the fixed PID controller. Lilly and Quesada (2004) also applied a two-input sliding mode controller to a planar arm, with tracking errors of each joint kept within 0.2 radians. Thanh and Ahn (2006a,b) adopted phase switching control to PAM manipulator. The steady-state error was reduced and maintained within 0.025 in various loads. In addition, non-linear PID control (Thanh and Ahn, 2006a,b) , fuzzy PD + I learning control (Chan and Lilly, 2003) , robust control (Carbonell et al., 2001) , variable structure control (Repperger et al., 1998) , the H method (Osuka et al., 1990) , etc. have been applied to PMA control. In this study, we use pressure proportional valves, instead of expensive servo valves, to develop a fast, accurate and inexpensive control system, and we also propose a novel control algorithm applicable to a 3-DOF rehabilitation robot actuated by PMAs.
Fuzzy logic control (FLC) law incorporates human knowledge and experience directly without relying on a detailed model of the control system. However, the design of a traditional fuzzy controller depends greatly on expertise, or the experience of an operator to establish the fuzzy rule base, and there is no guideline for designing the fuzzy rule base and scale factors. A time-consuming adjustment process is required to achieve the specified control performance. Therefore, the fuzzy sliding surface (Kim and Lee, 1995; Tzafestas and Rigators, 1999 ) is introduced for conventional fuzzy control to reduce numbers of scale factor. Liu and Wang (2008) adopted the high-order sliding mode controller to implement tracking control of piezoelectric actuators with hysteretic non-linearity. Lin et al. (2009) and Yagiz et al. (2008) used FSMC to applied in active suspension system for improving the ride comfort. Self-organising mechanism (Park, et al., 1995; Procyk and Mamdani, 1979; Zhang and Edmunds, 1992) was introduced into the fuzzy controller to modify online the fuzzy rule base, thus eliminating the trial and error process. Lin et al. (2010a,b) proposed a model-free self-organising fuzzy controller to improve the injection-screw velocity of the injection moulding machine and the injection-nozzle holding pressure of the injection moulding machine. Lin et al. (2010a,b) also applied self-organising fuzzy controller to a multiple-input multiple-output system. However, the traditional fuzzy logic controller with fixed fuzzy rules and fixed scaling factors is not suitable for application to complex 3-DOF rehabilitation robots actuated by PMAs. This paper proposes a novel adaptive self-organising fuzzy sliding mode control (ASOFSMC) for monitoring a 3-DOF rehabilitation robot actuated by PMAs. The use of a fuzzy sliding surface can reduce the number of fuzzy rules required so that a onedimensional fuzzy rule base is established instead of a two-dimensional one. The selforganising learning mechanism is employed to modify online fuzzy rules. Moreover, to reduce unnecessary trials and errors, we adopt the adaptive law for adjusting scaling factors. Finally, Lyapunov theorem is employed to investigate the stability of the proposed ASOFSMC. To examine its effectiveness and robustness, the control performance of the ASOFSMC is compared with that of fuzzy sliding mode control. Experimental results indicate that the ASOFSMC can attain excellent tracking performance.
System description
The schematic diagram of a 3-DOF rehabilitation robot actuated by PMAs is shown in Figure 1 , which depicts a three-joint arm. The behaviour of the arm used by the rehabilitation robot is similar to that of a human arm. Angles 1 , 2 and 3 simulate the shoulder joint, elbow joint and wrist joint, respectively. The hardware includes an IBM compatible personal computer, which calculates the control signal and controls a pressure proportional valve through a D/A card. Joint angles are detected by rotary potentiometers, and the air pressure of each PMA is measured by pressure sensors, and then feedback to the computer through an A/D card. The detailed specifications are listed in Table 1 .
The maximum deformation of a PMA is 20% of its nominal length. Thus, the rotary range of angles 1 , 2 and 3 extend from 22 to 25 , 8 to 84 , and 30 to 33 , respectively. The link lengths l 1 , l 2 and l 3 are 0.62, 0.525 and 0.135 m, respectively. Figure 2 shows the end-effector workspace.
Figure 1
The schematic diagram of a 3-DOF rehabilitation robot actuated by PMAs Table 1 Component specifications The rotating torque is generated by the difference in pressure between the antagonistic PMAs. That is, when a b p p as in Figure 1 , the torque exerted on the joint is counterclockwise and the rotation of the joint is also counterclockwise. Therefore, the desired input pressure P a = 1
No
for each PMA is generated by the following equation: 3 Control strategy Figure 3 shows the block diagram of the control strategy for end-effector tracking. As can be seen, each of the three independent subsystems has a controller with ASOFSMC design. Figure 4 , is associated with a conventional FLC structure, the fuzzy slide mode control (FSMC), the self-organising learning mechanism and an adaptive law. Figure 5 shows the block diagram of the FSMC. Conventional FLC theory includes fuzzification, a fuzzy rule base, a fuzzy inference engine and defuzzification. The fuzzy rule base varies with error e and error rate e , thus complicating the fuzzy inference rules and membership functions. To replace those, we introduce a fuzzy sliding surface that reduces the number of fuzzy sets and fuzzy inference rules required. For a second-order non-linear system, its state-space model can be represented as 
Fuzzy sliding mode control (FSMC)
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Figure 3
The block diagram of control strategy for end-effector tracking Here the fuzzy sliding surface on the phase plane can be defined as
where is a positive constant. Therefore, the sliding surface variable s will gradually converge to zero with slope in the phase plane, and the sliding surface reaching condition is 0 s s according to the Lyapunov theorem. The sliding surface can be divided into 13 sections by the membership function sets of ( ) M s ={NVB, NB, NVM, NM, NS, NVS, ZO, PVS, PS, PM, PVM, PB, PVB}. The membership function set for the control signal u is defined as ( ) M u {NVB, NB, NVM, NM, NS, NVS, ZO, PVS, PS, PM, PVM, PB, PVB}. Therefore, the 13 × 13 fuzzy rule base with error e and error rate e in the FLC can be simplified as a 1 × 13 fuzzy rule base via the fuzzy sliding surface s shown in Figure 6 . The fuzzy inference is developed from the max-min product composition to operate fuzzy control rules. Finally, the height method is employed to defuzzify fuzzy sets and achieve the desired control signal.
Self-organising learning mechanism
The self-organising learning mechanism of ASOFSMC is utilised to modify online the one-dimensional fuzzy rule base. First, we define a learning rate to compensate the angle error as follows:
To allow the output to approach the desired system output d gradually, the learning rate should be properly chosen in order to compromise the overcorrection and convergent speed of output response. Similarly,
where Tz is the sampling time and represents the rate of change in angle. Then, to reduce the computer load in parameter identification, the plant is simplified as a zeroorder model. Here, we define c u and ce u as the corrections to compensate for and , respectively. Here, the limitations of Equations (7) and (8) The self-organising learning mechanism of the ASOFSMC is based on the fuzzy sliding surface s . Thus, a relation function between the weighting factor of the selforganising learning mechanism and the fuzzy sliding surface s is introduced:
Equation (10) describes that the weighting factor can be decided by the fuzzy sliding surface , and can be 0 1 if the slope of the sliding surface 0 . Therefore, substituting Equation (10) into Equation (9) yields
where
is a constant ratio between u and s. Since the fuzzy rule base provides the control signal u , modifying u means implicitly modifying the fuzzy rule base. Every output state in the universe s can be excited by two modules as shown in Figure 5 . The correction of each rule is modified by its excitation intensity W, which can be obtained by linear interpolation. Thus, the input i u of the ith rule is
This equation is the basic learning algorithm. In terms of linguistic approach, the rule base can be expressed in the vector form as
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Adjustment of scaling factors
In Figure 4 , scaling factor Gs is used to normalise between system variables and the universal of fuzzy sets. Since fuzzy rules are modified by the learning mechanism, to adjust Gs is meaningless. Thus, Gu is the only scaling factor. It should be modified to enhance response speed and system resolution. Here, we use the adaptive law to adjust Gu. The performance index is defined as a quadratic form as follows:
where n denotes error, which is the difference in output between the actual system and the reference model. Then, we use the steepest descent method to minimise J as
where is a learning gain and is an adaption gain. To reduce computer load, the plant model is simplified as a zero-order model. Therefore, the actual output is
where K is a fuzzy gain with respect to time. The output of the reference model is
where v K is the desired zero-order reference model. Substituting Equations (17) and (18) into Equation (15) (1 )
Since this system is applied only at low frequencies, we can use the Backward Approximation method. Equation (19) can then be expressed simply in discrete form as ( 1)
Stability analysis
Lyapunov stability analysis is the most popular approach employed to prove and evaluate the convergence property of non-linear controllers, e.g. sliding mode controller and fuzzy controller. Therefore, Lyapunov analysis is utilised to investigate the stability property of the proposed ASOFSMC controller. The Lyapunov function is defined as follows:
Then, the variation of this function with respect to time is . Therefore, the control system is stable according to the Lyapunov stability theorem.
Experimental results
The 3-DOF rehabilitation robot actuated by PMAs is shown in Figure 1 . Since these feedback signals tend to be disturbed by environmental noise and be amplified during the numerical difference operation, a digital Butterworth filter and RC filter circuit are introduced to solve this problem. The digital filter can be expressed as
where out ( ) q k is the output signal of this digital filter and in ( ) q k is the output of potentiometer.
In this experiment, we investigate the control performance of the end-effector in x, y, z Cartesian space. The spatial position tracking errors are defined as follows:
where e is tracking errors, , , 
Circle
The desired spatial path is given by
where 0 20 t sec. Table 2 Fixed fuzzy rule base for FSMC
NVB NB NVM NM NS NVS ZO PVS PS PM PVM PB PVB
, , u u u 3 2.5 2 1.5 1 0.5 0 0.5 1 1.5 2 2.5 3 Figure 7 shows the end-effector spatial tracking performance for both FSMC and ASOFSMC, while the control efforts 1 p , 2 p and 3 p that produced the tracking performance in Figure 7 are displayed in Figure 8 . It is evident that each PMA must have different input pressure to support the joint angle within the allowed range. The position tracking errors in x, y, z Cartesian space are shown in Figure 9 . As can be seen, the ASOFSMC has less tracking errors than the FSMC. Angle tracking errors for each joint are shown in Figure 10 . Again, as shown, the angle tracking errors of the ASOFSMC are within 1 , which are less than 0.2 radians (Lilly and Quesada, 2004) . When using the FSMC algorithm, the desired path in the death area cannot be followed. Because the FSMC employs fixed fuzzy rules and scaling factors, it cannot overcome the nonlinearity of PMA and structural interaction. Therefore, the fuzzy rules and scaling factors should be modified properly to improve tracking performance. The modified fuzzy rule base for the ASOFSMC is shown in Table 3 . It is significantly different from the fixed fuzzy rules at ZO neighbourhood. Figure 11 shows the scaling factors 1 Gu , 2 Gu and 3
Gu
modified by the adaptive law. The experimental results show that the ASOFSMC can attain excellent tracking performance. 
Spatial spline
The desired spatial is given by 
The end-effector spatial tracking performance for both FSMC and ASOFSMC are shown in Figure 12 . The position tracking errors in x, y, z Cartesian plane are displayed in Figure 13 . It is evident that the ASOFSMC has less tracking errors than the FSMC. Angle tracking errors of the three joints are shown in Figure 14 , indicating clearly that the angle tracking errors of the ASOFSMC are within 0.7 . The modified scaling factors 1 Gu , 2
Gu and 3
Gu are shown in Figure 15 . Figures 11 and 15 show that the scaling factors are adjusted online according to the external condition. As can be seen, the tracking performance of the entire system is similar to a circular path.
Circle with loading
In many practical applications, it is expected that the loading of a 3-DOF robot actuated by PMAs will change. Both ASOFSMC and FSMC are employed to track the circular reference trajectory for end-effector with loading (W = 15 N), and the end-effector spatial tracking performance for the two controllers are shown in Figure 16 . The position tracking errors in x, y, x Cartesian space are shown in Figure 17 . Owing to parameter variation caused by loading, the FSMC with fixed fuzzy rules and scaling factors could not follow the reference path throughout the entire control process. Angle tracking errors of the three joints are shown in Figure 18 . As can be seen, the FSMC has led to significant angle tracking errors of the three joints, while ASOFSMC proves to remain robust during changes in loading. 
Conclusions
Application of a 3-DOF rehabilitation robot actuated by PMAs in medical cases must emphasise safety and compliance for the patient, rather than highly accurate positioning or force control. In terms of such, the application of the PMA to a therapy robot for the physical functional recovery of the human arm in this study can be considered successful. It is difficult to achieve control performance for using conventional FLC because the robot has highly non-linear and time-varying behaviour. A novel ASOFSMC, including the fuzzy sliding surface, the self-organising learning mechanism and an adaptive law, has been proposed and employed to control a 3-DOF rehabilitation robot in this study. The two-dimensional fuzzy rule base can be simplified as a one-dimensional fuzzy rule base by the use of fuzzy sliding surface. A zero-order reference model in the adaptive law is adequate for adjusting scaling factors, and a self-organising learning mechanism is employed to modify online fuzzy rules. In this way, the proposed control algorithm can reduce a great deal of trials and errors. Finally, Lyapunov stability analysis is employed to prove the stability of the proposed ASOFSMC controller. Experimental results verify the robustness and feasibility of the ASOFSMC algorithm for end-effector tracking trajectory control. 
Finally, substituting Equation (A6) into Equation (A3) yields 
